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Abstract 
This paper seeks to extend existing methods for decision making implementation in design and operation of global manufacturing 
networks, creating products in value added chains distributed over several manufacturing sites. The configuration of products, 
processes and resources in the network are subject of design decisions and is represented by production master data. Rapidly changing 
global market opportunities and competition force companies to continuously adapt their manufacturing network which causes 
increasing dependencies and complexity. Currently, design and decisions are carried out on manufacturing site level, which makes it 
impossible to consider dependencies in the network. This leads to risks in outcomes of decisions and to a suboptimal design for the 
manufacturing network as a whole. A solution to this problem can be found, when design and decisions are based on the overall 
manufacturing network. Production master data for a global manufacturing network is a challenge in terms of quantity and processing 
performance required. In this paper, an approach for applying Big Data techniques is described, highlighting the aspects of decisions 
tasks, data access patterns, necessary data structures and handling of design scenarios. In case of manufacturing network design, Big 
Data enables overall system design, increasing validity of decisions, high performance and new analysis options for unexploited 
potential in the network. This approach is applicable to various decision processes within manufacturing concerning query, analysis 
and interaction with an overall manufacturing system. 
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1. Introduction 
The production in the supply industry (e.g. 
automotive) is often organized as a network with many 
distributed manufacturing sites, serving a global market. 
Since market opportunities rapidly change and 
competition increases, companies are forced to 
continuously adapt their manufacturing network [1]. 
Ultimately, a company’s ability to adapt to market change 
determines success or failure in a market economy. High 
changeability and flexibility of manufacturing systems 
support this ability to achieve competitive advantages [2]. 
Within flexibility of manufacturing systems, necessary 
changes can be covered by the operative production 
planning and control, with minor effort [3]. If flexibility 
is exhausted, the adaption of structure and resources in the 
manufacturing network becomes necessary. However 
structural changes in an existing manufacturing network 
is a great challenge and requires thorough preparation and 
proper evaluation to achieve valid decisions [4]. This task 
becomes even more challenging for companies with a 
large number and variety of products and a great depth of 
added value within the internal manufacturing network. 
These factors increase the number of variables and 
dependencies in the network and consequently increase 
complexity and frequency of necessary adaptions on 
structure and resources in the manufacturing network [5]. 
This paper is structured in three chapters. The 
‘manufacturing network’ (chapter 2) explains the main 
causes of complexity, subject of decisions, the different 
level of development and validation and the reasonable 
data base. The ‘problem statement’ (chapter 3) explains 
the challenges in manufacturing network design, gives a 
brief overview about existing methods, shortcomings of 
existing practices and unused potentials in the network. 
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Motivated by the problem statement, the ‘Big Data 
Approach’ (chapter 4) explains some general 
characteristics of Big Data Systems and the application in 
the context of manufacturing network design. The final 
part of this paper discusses limitations and potentials of 
Big Data approach regarding further applications for 
decision processes in manufacturing.  
2. Manufacturing networks 
2.1. Complexity and variables 
Great depth of added value often corresponds to a large 
number of different manufacturing steps that are 
necessary to build the product. For each step the 
manufacturing technology has to be available within the 
network. Each manufacturing technology has specific 
performance parameters (e.g. grinding, hardening, 
casting), specific requirements with regard to site 
conditions (e.g. building, infrastructure, staff) and 
involves substantial investments. In order to assure 
effective utilization of resources, companies have to use 
scale and scope effects which require mobility of product 
and resources volumes in the network. This leads to a 
heterogeneous specialization of sites, distribution of 
resources and manufacturing technology in the network. 
Along the value chain, products traverse through many 
sites in the internal manufacturing network which results 
in a fragmented internal supply chain [6].  
Products, manufacturing processes and resources in 
the network have individual life cycles [7] which interfere 
at the nodes of the manufacturing network. In a system 
point of view, products, processes and resources in the 
network are the variables of the system and the life cycle 
is the time function of each variable. Each variation of a 
system variable (e.g. changing volume of demands) needs 
to be analyzed and validated regarding network 
capability, dependencies and necessary adaptions. This 
time component of system variables in the network brings 
additional dynamic and complexity to the data base of 
decision processes. With the number of products, 
manufacturing steps, resources and sites in the network, 
the number of potential variables, dependencies and 
frequency of necessary adaption increase and lead to a 
challenging complexity in the manufacturing network.  
2.2. Task, scenarios and decisions  
Design decisions in manufacturing networks concern 
the transformation of a company’s strategy, market forces 
or competition forces into an operative production. 
Related decisions have a tactical horizon and address the 
distribution/configuration of existing or new products, 
processes or resources in the network [8]. Tactical 
decision often involve extensive investments in sites or 
resources. Depending on the trigger there are five 
planning tasks for adapting the network: 
x Implementation of new products and resources 
x Location of existing products at additional sites 
x Relocation of products or resources to another site 
x Add/removal of resource capacity at a site  
x Implementation new manufacturing technology  
Each task requires detailed knowledge of existing 
resources in the network, their present and future 
allocation of existing or new products and their 
dependencies in the network. Based on the utilization of 
resources hot spots are identified, possible corrective 
measures are deducted and evaluated with economic 
criteria. To take a final decision on measures, an extensive 
planning process is required, including multiple iteration 
loops to develop, evaluate, validate and compare 
scenarios. From a management point of view, the goal is 
to serve customer demands with minimal resources and 
investment. So the main criteria for decisions is the 
alignment of capacity demands and resource capacity in 
the network. The development and implementation of 
measures takes place on the level of a site (e.g. new 
resources, new manufacturing technology). In contrast, 
the evaluation and validation of measures requires the 
level of the manufacturing network [9] and the 
understanding of the contribution of the network to each 
of its nodes [10]. The network view enables the 
consideration of dependencies and the prevention of later 
conflicts. Furthermore it enables the identification of 
potentials for scale and scope effects in the network. This 
requires the focus on the overall manufacturing network 
and of cause, it´s comprehensive data base. 
2.3. Decision data base  
Origin of decision tasks is the current manufacturing 
network and the configuration of products, processes and 
resources. Based on the configuration, scenarios can be 
developed and evaluated. The most reasonable data base 
for the current production is the master data in the ERP-
systems. Master data is used to execute the operative 
production and business transactions [11]. All changes of 
products, processes or resources in the manufacturing 
network ultimately lead to changes in production master 
data. The relevant input data for decisions tasks mainly 
comprises of following data set [12]:     
x Primary demands 
x Bill of Material (BoM) 
x Material master 
x Work plan master 
x Resource master 
x Shift calendar 
By modification of at least one data set, mentioned 
above, scenarios for demands, products, work plans and 
resources can be derived to describe a scenario.   
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3. Problem statement 
3.1. Challenges of decision processes 
There are two main challenges for suppliers forced to 
adapt their global manufacturing network. Firstly, the 
accessibility to all relevant data, necessary for decision-
making on the level of a manufacturing network. 
Secondly, the required performance to create, analyze, 
validate and compare scenarios based on mass data.  
Manufacturing networks are grown structures with a 
diverse history and IT-structure at each site. Especially 
ERP-systems are highly configured applications with 
unique data models and business transactions. The 
relevant production master data of a single site can be 
described as structured, but within the network the data 
structures are partial heterogeneous. As the network often 
consists of many distributed sites, direct access, 
extraction and transformation of data is a great challenge.   
Relevant production master data of a global 
manufacturing network, is also a challenge in terms of 
quantity and processing performance required. The 
quantity increases with the number of products, 
components, manufacturing steps, resources and the life 
cycle of each data set. Processing performance is required 
to query mass data for analysis, scenario handling and 
various time consuming computations (e.g. recursive bill 
explosion cross all sites) to evaluate capacity for different 
scenarios in the manufacturing network. 
3.2. State of the art tools and methods 
In this section, a brief overview is given of existing 
tools and methods, supporting decision processes in 
manufacturing and manufacturing network design. The 
outline for this overview is the planning horizon. 
Depending on the planning horizon, related tasks, results 
and input data changes significantly [8].  
There are various methods for long term strategic 
design decisions focusing on sites or the entire network. 
On the site level methods support the evaluation and 
selection of the right location for new facilities[13]–[15]  
or to define portfolio and competences of a site [16]. On 
the network level, there are strategic frameworks to 
design and evaluate network configuration and 
coordination [6], [10]. Quantitative approaches use linear 
programming [17], [18] or discrete event simulation [19] 
for detailed evaluation of scenarios regarding multiple 
criteria. Strategic methods often use simplified or 
aggregated data for decision-making. 
For mid-term tactical design decisions, methods of 
digital manufacturing can be applied. Focus is the design 
and evaluation of a factory and its resource using methods 
like integrated process planning, virtual reality and 
various simulation methods [20]. Digital manufacturing 
methods are commonly used or integrated in the context 
of product development processes and are applied to 
design new manufacturing facilities. 
Short term, operative decisions in manufacturing focus 
mainly on production orders and supply chain 
management (SCM). There are methods for operative 
production planning and control, manufacturing 
execution and supply network planning, commonly 
integrated in the ERP-systems [11].  
In summary, existing methods either address strategic 
decisions (location, competences, configuration) based on 
aggregated data, tactical decisions for isolated new 
factories and resources or operative decisions for 
production orders and SCM. There is a lack of methods to 
support tactical decision in global manufacturing 
networks. The challenges are: Accessibility of the entire 
network data and the required performance to support 
iterative decision-making based on mass data.      
3.3. Shortcomings and unused potentials 
To deal with the challenge of tasks and the lack of 
support, planners help themselves with various 
workarounds. Measures are developed only on a limited 
sector of production, but no validation of dependencies on 
site or network level is conducted. The underlying data 
base gets simplified and aggregated (e.g. average annual 
demand instead of a function of time). Groups of products 
or resources get aggregated by representatives. Planners 
work on existing outdated data to avoid extensive data 
preparation. All these workarounds lead to risks and 
possibility of errors in measures and dependencies are not 
considered.  
Recent studies show cost-saving potential up to 45% 
by optimization of the manufacturing network [8]. Of 
course, major effort is necessary to achieve this, but 
focusing on the overall manufacturing network is the 
basic principle. In case of design decisions in 
manufacturing networks this principle enables the 
identification of dependencies and conflicts and the usage 
of scope and scale effects in the network. These are the 
mayor levers for efficient utilization of existing resources, 
efficient investments and hence for competitiveness on a 
global market.   
4. Big Data approach 
4.1. Big Data Systems 
There are a lot of different definitions on Big Data, 
however Gartner’s definition became widely accepted 
[21]. Gartner defines Big Data by three prominent 
characteristics, also known as the 3Vs: high-volume, 
high-velocity and high-variety [22]. Big data applications 
talk about high volume, far beyond terabyte. Where do 
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those massive data sets originate from? Digital media    
companies, such as Google, Facebook and Yahoo! have 
been one of the first to be confronted with Big Data due 
to increased Internet usage by millions of people. Another 
typical source of Big Data is sensor-generated data. Since 
more and more machines are equipped with sensors, 
massive data sets are continuously produced that need to 
be processed and analyzed.  
In general, data produced repeatedly over time 
generates too much data for ordinary, generalized 
database approaches, namely relational data base 
management systems (RDBMS). RDBMS are tuned for 
small, concurrent transactions or large joins and 
aggregation workloads with no write transactions [23]. 
However, with increasing volume and velocity, relational 
data bases reached their performance limits. 
The new challenges with regard to Big Data, required 
a new approach in data management. The new approach 
is generally referred as NoSQL (not only SQL) [24]. A 
fundamental underlying principle is that data, which is too 
big to fit into the main memory of a computer entirely, is 
divided into small subsets and then processed in parallel. 
A common algorithm for distributed processing is Map 
Reduce. Storing and loading subsets of big data, from file 
systems to main memory and back is a key functionality 
of Big Data systems. To achieve this with velocity, data 
is stored and processed exactly according to their “native” 
structure and access patterns.  
There are four main established NoSQL data models 
[24].  The Key Value model indexes all the data in an 
ascending order and values can only be accessed by the 
key. The Document Store model stores data in a structured 
format and allows access with different identifiers. The 
Column Store model, also known as Wide Column Store, 
structures data in columns with any number of key/value 
pairs (up to 2 Billion) and therefore are highly scalable. 
Graph data bases are specialized on graph- and tree 
structures, such as social networks. 
4.2. Origin of Big Data in network design 
The key questions are: Who produces really big data 
in global manufacturing networks? What is its “native” 
structure? And what are the access patterns? 
Adapting a global manufacturing networks is certainly 
not a matter of one or a few people performing a straight 
forward planning exercise once a year. It involves quite a 
few people focusing on different products, resources, sites 
or aspects. Developing concrete measures requires an 
iterative process, where different scenarios are computed, 
analyzed, and compared. Furthermore planning is a 
continuous process of adapting the manufacturing 
Fig. 1. Architecture layers and data structures of the Big Data approach 
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abilities to changing market requirements. Consequently, 
big data will not be created by a single planning approach. 
Big data is rather produced by many people performing 
iterative re-planning based on scenarios.  
Creating a scenario is conducted by modifying a subset 
of data representing the configuration of the 
manufacturing network (e.g. change the number of 
resources at a site). Those operations encompass user 
interactions, but are not time critical, as data volume is 
relatively small. Therefore, storing or retrieving a subset 
of data should not be the primary access pattern for this 
big data approach. Rather, the performance critical 
operations are related to the handling of scenarios. A 
scenario is a complete description of the manufacturing 
network configuration and it´s data. In an iterative 
process, scenarios have to be created, analyzed, stored 
and compared by the planner as a logical entity of data. 
The access pattern of scenarios is the design criteria for 
this Big Data approach.   
4.3. Application of Big Data on network design 
Applying a Big Data system to support decision 
processes in manufacturing network design, requires the 
specification of different architecture layers, see Fig. 1: 
Source, ETL, Data model and Analysis.  
The Source for this Big Data approach is the 
production master data and the primary demand, 
persistent in the ERP-Systems of the manufacturing 
network. The data can be described as structured, but 
within the network it is heterogeneous. ERP data usually 
is stored in RDBMS. To avoid redundancy, each data set 
is normalized to a certain degree and linked via relations, 
resulting in a high number of relevant tables.  
The ETL-process (Extract Transform Load) requires 
various selections, as each data set in the ERP-system has 
different states, validity or variants. After selection, the 
data must be transformed and loaded in the NoSQL data 
base. As a manufacturing network undergoes constant 
modification, the ETL-process could be executed 
periodically (e.g. weekly), to provide actual data for 
decision makers.         
The design of a Data model is closely related to the 
access patterns and the capabilities of the applied NoSQL 
data base. The access pattern is described as retrieving 
and storing of scenarios in an iterative planning process. 
This requires direct access on a constantly growing 
number of scenarios. Column Stores enable accessing a 
large quantity of data with a single key and are therefore 
the choice for this Big Data approach. Fig. 1. illustrates 
the simplified data model with column stores in the 
notation of a Cassandra NoSQL data base. Cassandra uses 
Column Families (CF) to organize data sets. A CF 
contains rows with up to 2 Billion key/value pairs as 
columns [25]. The basic approach is to store scenario data 
based on the scenario-id, so that retrieving and storing 
would be extremely efficient. The input data of an entire 
scenario is split on the CF ‘Demand Scenario’, ‘Work 
Plan Scenario’ and ‘Resource Scenario’. Each row stores 
data from the tables ‘Product Components’, ‘Product 
Demands’, ‘Work Plan’ or ‘Resource Availability’ (see 
Table 1.). To transform an entire table in a single row, 
composite keys (e.g. R1.M1) are used and allow direct 
access on each data set. After computation of results each 
scenario is stored in the CF ‘Capacity Demand’, 
‘Capacity Resources’ and ‘Utilization’. For each resource 
in the manufacturing network results are stored as a time 
series.  
On the Analysis layer, an application server provides 
functionality to store and retrieve scenarios (scenario 
management), create and modify scenarios, perform 
analysis, compute and report results for decision makers. 
Table 1. Scenario Data structure  
Data Structure Content 
Product Components BoM explosion of all products; Number 
of required components. 
Product Demands Primary demands of all products for a 
period of time. 
Work Plan Process parameters of each product or 
component, assigned to a resource. 
Resource Availability Number, availability and shift calendar 
of resources for a period of time. 
5. Limitations and further research 
This paper primary focuses on the data model layer of 
a Big Data System. To implement this Big Data approach 
all layers have to be specified in detail. Further research 
is required for new analysis options on production master 
data to identify potential savings and conflicts in 
manufacturing networks. Reporting and visualization of 
comprehensive results will be another research challenge. 
The design criteria must be extended with business 
management criteria to enable monetary evaluation of 
measures based on production master data. Great 
challenges of this approach can be seen in the extraction 
and transformation of production master data of an entire 
manufacturing network, facing problems with incomplete 
or invalid data. 
6. Conclusions 
Suppliers facing the challenge to continuously adapt a 
highly complex manufacturing network to remain 
competitive. Dependencies between the network nodes 
are significant and have to be considered when 
developing adaption measures. Extending the decision 
data base on the entire manufacturing network is a 
necessary step to address this challenge. Decision-making 
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on the level of the overall system enables the usage of 
potential savings and leads to competitive advantages. To 
achieve this advantage, decision processes have to deal 
with a large quantity of data and complexity. The 
approach in this paper shows, how Big Data systems can 
be applied on tactical design decisions in manufacturing 
networks based on production master data.  
Production master data is the basis for a wide range of 
decision processes within an enterprise. Besides operation 
and business transactions, tactical or even strategic 
decisions are based on production master data. Countless 
decisions are performed in very minute by control 
systems, humans and in near future by intelligent products 
or resources, also known as cyber physical systems 
(CPS). CPS suppose to interact with each other and link 
distributed data to perform autonomous decisions. 
Production master data is also a great repository to 
analyze and optimize the configuration and parameters of 
products, processes and resources in the network.  
Extending the decision data base and validation criteria 
on the overall system will improve various decision and 
analysis tasks within manufacturing and thus improve 
competitiveness. Big Data systems can be applied, to 
provide the necessary data base and the required 
performance.  
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